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Abstract—Lung cancer is the most important cause of cancer death for both men and women. The early detection of cancer 
can be helpful in curing the disease completely. So the requirement of techniques to detect the occurrence of cancer nodule 
in early stage is increasing. There are different technique exists but none of those provide better accuracy of detection. This 
provides content based medical image retrieval Computer Aided Diagnosis System (CAD) for early detection of lung cancer 
nodules from the Chest Computer Tomography (CT) images. There are different phases involved in the proposed CAD 
system. They are extraction of lung region from chest computer tomography images, segmentation of lung region, feature 
extraction from the segmented region, and classification of occurrence and non occurrence of cancer in the lung. 
Keywords: CBIR, segmentation algorithm, Gray level Co-occurrence Matrix (GLCM), Support Vector Machine (SVM) 
 
 
I. INTRODUCTION 
 
     In medical field the objective of Content based 
image retrieval is to permit radiologist to retrieve 
images of similar features that lead to similar 
diagnosis as the input image. This is different from 
other field where the objective is to find the nearest 
image from the same category of an image. Therefore 
CBMIR: Content Based Image Retrieval Medical 
Images such techniques cannot directly be applied in 
the medical field. In this paper, the image retrieval 
provides a flexible means of searching an image 
based on the description of the desired image.  
The most familiar cancer that occurs usually for men 
and women is lung cancer. According to the report 
submitted by the American Cancer Society in 2003, 
lung cancer would report for about 13% of all cancer 
diagnoses and 28% for all cancer deaths. The survival 
rate for lung cancer analysed in 5 years is just 15%. If 
the disease is identified while it is still localized, this 
rate increases to 49%. However, only 15% of 
diagnosed lung cancers are at this early stage. This 
lead to the requirement of lung nodule detection [13] 
in chest Computer Tomography (CT) images in 
advance. Thus the Computer Aided Diagnosis (CAD) 
system [8, 14] is very essential for early detection of 
lung cancer. Early finding of the disease is critical but 
the truth remains that only 20% of cases are detected 
in the first phase. Radiologists can miss up to 30% of 
lung nodules in chest radiographs due to the 
background anatomy of the lungs which can hide the 
nodules. Computer aided diagnosis system assists the 
radiologists by doing pre-processing of the images 
and recommending the most possible regions for 
nodules. 
Lung Nodule detection using Content based medical 
image retrieval: The lung cancer is considered as the 
notable cancer because it claims more than a million 
deaths every year. This lead to the requirement of 
lung nodule detection in chest Computer Tomography 
(CT) images (Armato et al., 2001) in advance. Thus 
the Computer Aided Diagnosis (CAD) (Yamamoto et 

al., 1996; Wiemker et al., 2002) system is very 
essential for early detection of lung cancer. Early 
finding of the disease is critical but the truth remains 
that only 20% of cases are detected in the first phase. 
Radiologists can miss up to 30% of lung nodules 
(which may develop into cancer) in chest radiographs 
due to the background anatomy of the lungs which 
can hide the nodules. CAD helps radiologists by 
performing preprocessing of the images and 
suggesting the most likely locations for nodules. [4] 
Detection of lung nodules proceeds through 
techniques for suppressing the background structures 
in lungs which include the blood vessels, ribs and the 
bronchi. The images obtained will afford better chest 
structure which make good regions for nodule and 
can be further classified depending on characteristics 
like size, contrast and shapes. Simple rule based 
classifications on such features tend to produce a lot 
of false positives. To overcome these problems, this 
proposed a Computer Aided Diagnosing (CAD) 
(Ginneken et al., 2001) system for detection of lung 
nodules (Lin and Yan, 2002). This study initially 
apply the different image processing techniques such 
as Bit-Plane Slicing, Erosion, Median Filter, Dilation, 
Outlining, Lung Border Extraction and Flood-Fill 
algorithms for extraction of lung region. Then for 
segmentation algorithm is used and for learning and 
classification Support Vector Machine (SVM) is 
used. Medical Image databases and collections can be 
enormous in size, containing hundreds, thousands of 
images. The conventional method of medical image 
retrieval is searching for a keyword that would match 
the descriptive keyword assigned to the image by a 
human categorizer [6]. Currently under development, 
even though several systems exist, is the retrieval of 
medical images based on their content, called Content 
Based medical Image Retrieval, CBMIR. While 
computationally expensive, the results are far more 
accurate than conventional image indexing. Hence, 
there exists a tradeoff between accuracy and 
computational cost. This tradeoff decreases as more 
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efficient algorithms are utilized and increased 
computational power becomes inexpensive. 
Computer Tomography (CT) has been considered as 
the most sensitive imaging technique for early 
detection of lung cancer. 
There is a requirement for automated methodology to 
make use of large amount of data obtained CT 
images. Computer Aided Diagnosis (CAD) can be 
used efficiently for early detection of Lung Cancer. 
The usage of existing CAD system for early detection 
of lung cancer with the help of CT images has been 
unsatisfactory because of its low sensitivity and False 
Positive Rates (FPR). This study presents a CAD 
system which can automatically detect the lung 
cancer nodules with reduction in false positive rates. 
In this study, different image processing techniques 
are applied initially in order to obtain the lung region 
from the CT scan chest images. Then the 
segmentation is carried with the help of clustering 
algorithm. 
Finally for automatic detection of cancer nodules, 
Support Vector Machine (SVM) is used which helps 
in better classification of cancer nodules. The 
experimentation is conducted for the proposed 
technique by CT images. 
In several articles, content based access to medical 
images for supporting clinical decision-making has 
been proposed that would ease the management of 
clinical data. 
 
II. RELATED WORK 

 
     Local feature extraction methods have good 
results in C.R.Shyu, et.al [5]. Indexing scheme should 
be efficient for the searching technique, in the CBIR 
model. A content based retrieval system is a 
computer system for browsing and searching, and 
retrieving the images from a large database of digital 
images in image retrieval. A bulk of work has been 
done in this area already. The only way of searching 
the images was by indexing or simply browsing. Now 
digital images databases opened the way to content-
based searching described by Rajshree S, et al [3]. An 
Image indexing is the part of image retrieval system 
that Groups the similar images in a single cluster such 
that any query regarding the image matching, all the 
images can be retrived with minimum delay. 
The rapid progress of multimedia computing and 
applications has brought about an explosive growth 
of digital images in computer systems and networks. 
This development has remarkably increased the need 
for image retrieval systems that are able to effectively 
index a large amount of images and to efficiently 
retrieve them based on their visual contents. In 
developing a visual content-based image retrieval 
system, the first critical decision to be made is to 
determine what image feature, or combination of 
image features are to be used for image indexing and 
retrieval. 
III. PROPOSED SYSTEM 

 
     The proposed CBMIR framework is shown in the 
following figure (Figure.1). The database, where the 
images are kept is called Image database. In the pre-
processing technique, the images are enhanced, 
segmented, and subdivided in order to make flexible 
work environment for further processing works. The 
proposed model is a combination of feature extraction 
methods namely texture and gray scale resolution. 
Then this combined form of feature set is stored as a 
single feature vector in the feature database. When 
the user submits a query image, the same process 
steps (such as pre-processing, feature extraction 
steps) are carried out as in the offline image database 
process in order to get the feature vector value for the 
query image. Then this query image feature vector 
value will be compared with feature vector value of 
the feature database. Based on the comparison, 
images that are closely similar to the query image are 
retrieved from the databases and displayed. 
 

 
 

Figure1: content based image retrieval system as a diagnosis 
aid. 

3.1 Lung region extraction: 
 
 The initial stage of the proposed Computer Aided 
Diagnosing (CAD) (Wiemker et al., 2003; Wiemker 
et al., 2002) techniques is the extraction of lung 
region from the CT scan image. The basic image 
processing techniques are utilized for this purpose. 
 
3.1.1 Pre-Processing 
Image segmentation is the process of separating or 
grouping an image into different parts. These parts 
normally correspond to something that humans can 
easily separate and view as individual objects. The 
segmentation process is based on various features 
found in the image. The goal of image segmentation 
is to cluster pixels into salient image regions, where 
the regions corresponding to individual surfaces, 
objects, or natural parts of objects. Segmentation 
could be used for object recognition, occlusion 
boundary, estimation within motion or stereo systems, 
image compression, image editing, or image database 
look-up. Segmentation is an important procedure in 
medical image analysis. 
 The segmentation process is carried out as pre-
processing in the process. This method is used to 
separate the particular region in the image, since there 
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are typically some clearly defined areas within the 
image. 
 
3.1.2 Region Based segmentation Approach-Region 
Growing: 
The first region-growing method was the seeded 
region growing method. This method takes a set of 
seeds as input along with the image. The seeds mark 
each of the objects to be segmented. The regions are 
iteratively grown by comparing all unallocated 
neighboring pixels to the regions. The difference 
between a pixel's intensity value and the region's 
mean, δ, is used as a measure of similarity. The pixel 
with the smallest difference measured this way is 
allocated to the respective region. This process 
continues until all pixels are allocated to a region. 
Seeded region growing requires seeds as additional 
input. The segmentation results are dependent on the 
choice of seeds. Noise in the image can cause the 
seeds to be poorly placed. Unseeded region growing 
is a modified algorithm that doesn't require explicit 
seeds. It starts off with a single region A1 – the pixel 
chosen here does not significantly influence final 
segmentation. At each iteration it considers the 
neighbouring pixels in the same way as seeded region 
growing. It differs from seeded region growing in that 
if the minimum δ is less than a predefined threshold T 
then it is added to the respective region Aj. If not, 
then the pixel is considered significantly different 
from all current regions Ai and a new region An + 1 
is created with this pixel. 

 Initially its picks an arbitrary(r, c) pixel from 
the domain of image to be segmented. 

 This pixel is called as seed pixel. 
 Now examine the nearest neighbour of one 

by one and the neighbouring pixel is 
accepted to belong to the same region, if 
they together satisfy the homogeneity 
property of a region. 

 Once a new pixel is accepted as a member of 
a current region, the nearest neighbour of 
this new pixel are examined. 

 This process goes on recursively until no 
more pixel is accepted. 

 All the pixels of current region are marked. 
 Then another seed pixel is picked up and the 

same process is repeated. 

 
 

 

Figure 2: Lung Regions Extraction : a. Original CT 
Image,b.convert the image to binary ,c. select area 
over which rectangle are present d.segment the image 
from the mask, e. nodule part, f. Median Filter, g. 
marked nodule in the main image. 
 
3.2 Feature extraction:  
After the segmentation is performed on the lung 
region, the features can be obtained from it for 
determining the diagnosis for detecting the cancer 
nodules in the lung region perfectly. 
The features that are used in this study are Texture 
features using Co- occurrence matrix representation. 
Texture 
 
GLCM 
 
Gray level Co-occurrence matrix (GLCM) based 
texture feature extraction introduced by Haralick et.al 
and Mari partio et.al [20, 21] has been considered as 
the powerful technique and still now has been used in 
many applications of remote sensing for texture 
analysis. GLCM method comes under the statistical 
approach of texture analysis which describes texture 
as a set of statistical by R.M.Haralick [22] measures 
based on the spatial distribution of gray levels within 
the band of the remotely sensed imagery. GLCM 
matrix is computed from a relative displacement 
vector (d,) which is formed based on the relative 
frequencies of gray level pairs of pixels separated by 
a distance d in direction. Haralick suggests [18] 14 
texture statistical measures based on GLCM matrix 
and the most popularly used texture measures are as 
follows 

 
Where, 
pd is the probability matrix obtained through GLCM; 
µ is the mean of pd and 6y the standard of pd(x) and 
pd(y) respectively . GLCM measures calculated and 
depicted for each pixel. 
 
Algorithm for GLCM 
•The steps for extracting texture features of image 
using GLCM can be given as below. 
1) Separate the R,G,B planes of image. 
2) Repeat steps 3-6 for each plane. 
3) Compute four GLCM matrices (directions for 
δ=00, δ=450, δ=900, δ= 1350 ) as given by eq.  
4) For each GLCM matrix compute the statistical 
features Energy (Angular second moment), Entropy 
(ENT), Correlation (COR), Contrast (CON). 
5) Compute the feature vector using the means and 
variances of all the parameters. 
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The following figure shows how graycomatrix 
calculates several values in the GLCM of the 4-by-5 
image I. Element (1,1) in the GLCM contains the 
value 1because there is only one instance in the 
image where two, horizontally adjacent pixels have 
the values 1 and 1. Element (1,2) in the GLCM 
contains the value 2because there are two instances in 
the image where two, horizontally adjacent pixels 
have the values 1 and 2. graycomatrix continues this 
processing to fill in all the values in the GLCM. 
 
2. 2D wavelet Transformation: 
2D wavelet transform  is shown in Fig.3 is the 
combination of two 1D wavelet transform. First we 
do the 1D wavelet transform , and then do the 1D 
wavelet transform . 
 

 
Figure 3  : a) 2D wavelet transform   
When we use the 2D discrete wavelet transform in an 
image, we will obtain 4 part of output, which the size 
of each part is one fourth of the original size. We can 
use the characteristic to do image compression. This 
helps in reducing the processing in further steps and 
also reduces the time taken by further steps. 

 
Figure 4: b) 2D wavelet transform   
We can see that the x1,L is just like the original 
image, and the x1,H1, x1,H2, x1,L are respective 
corresponding to the horizontal edges, vertical edges, 
and corners. We can use the characteristic to do 
image compression. 

3.3 Classification of Occurrence and Non 
Occurrence of Cancer in the Lung: 
The final phase in the proposed CAD system the 
classification of occurrence and non occurrence of 
cancer nodule for supplied lung image. The classifiers 
used in this paper are support vector machine. 
 Support Vector Machine (SVM): SVM is usually 
used for classification tasks introduced by Cortes. For 
binary classification SVM is used to find an Optimal 
Separating Hyper plane (OSH) which generates a 
maximum margin between two categories of data. To 
construct an OSH, SVM maps data into a higher 
dimensional feature space. SVM performs this 
nonlinear mapping by using a kernel function. 
Then, SVM constructs a linear OSH between two 
categories of data in the higher feature space. Data 
vectors which are nearest to the OSH in the higher 
feature space are called Support Vectors (SVs) and 
contain all information required for classification. In 
brief, the theory of SVM is as follows.  
Consider training set D {(x , y )} with each input n i x 
∈ Rn and an associated output yiÎ{ -1, +1}. Each input 
x is firstly mapped into a higher dimension feature 
space F, by z = φ (x) via a nonlinear mapping φ: Rn 
→F. When data are linearly non-separable in F, there 
exists a vector w ∈ F and a scalar b which define the 
separating hyper plane as: 

  
Where, ξ(≥0) are called slack variable. The hyper 
plane that optimally separates the data in F is one that: 

  
Where, C is called regularization parameter that 
determines the tradeoff between maximum margin 
and minimum classification error. By constructing a 
Lagrangian, the optimal hyper plane according to 
previous equation, may be shown as the solution of: 

  
Where, a1,…..,aL are the nonnegative Lagrangian 
multipliers. The data points I, x that correspond to 
ai>0 are SVs. The weight vector w is then given by: 

  
For any test vector x ∈ Rn, the classification output is 
then given by: 

  
To build an SVM classifier, a kernel function and its 
parameters need to be chosen. So far, no analytical or 
empirical studies have established the superiority of 
one kernel over another conclusively. In this study, 
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the following three kernel functions have been 
applied to build SVM classifiers: Linear kernel 
function, K(x, z) =x, z; Polynomial kernel function 
K(x, z) =(x, z +1) d is the degree of polynomial; 
Radial basis function 

 is the width of function. 
SVM kernel functions: The classification ability of 
feature combinations in gait applications is obtained 
with first attempt work of SVM kernel function. The 
three main kernel functions are used for our study 
here. Partial kernel function, influence to data near 
test points. The above mentioned kernel functions are 
briefly explained in this chapter. The most used 
kernel function for SVM is Radial Basis Function 
(RBF). Radial basis function kernel: The B-Spline 
kernel is defined on the interval [-1, 1]. It is given by 
the recursive formula: 
 k(x, y)= B2p+1 (x -y)  

Where   
In the study by Bart Hamers it is given by: 

  
Alternatively, Bn can be computed using the explicit 
expression: 

  
 
Where x+ is defined as the truncated power function: 

 
Linear kernel: The Linear kernel is the simplest 
kernel function. It is given by the inner product <x,y> 
in addition with an optional constant c. Kernel 
algorithms using a linear kernel are often equivalent 
to their non-kernel counterparts: 
k(x, y) ZTY C 
Polynomial kernel: The Polynomial kernel is a 
nonstationary kernel. Polynomial kernels are apt for 
problems where all the training data is normalized: 
K(X,Y) (XTY C)d 
Modifiable parameters are the slope alpha, the 
constant term c and the polynomial degree d. 
After the learning process is completed by providing 
several conditions, the proposed technique is able to 
detect the cancer occurrence in the lung region 
automatically. 
 

 
Figure 5 : SVM classification. 
 

IV. EXPERIMENTAL RESULT 
 
     The experiments are conducted on the proposed 
computer-aided diagnosis systems with the help of 
lung images obtained from the website. This 
experimentation data consists of 55 lung images. 
Those 55 lung images are passed to the proposed 
CAD system. Out of these 35 images taken as 
training set and 20 images taken as test set.The 
diagnosis rules are then generated from those images 
and these rules are passed to the Support Vector 
Machine (SVM) for the learning process. After 
learning, a lung image is passed to the proposed CAD 
system. Then the proposed system will process 
through its processing steps and finally it will detect 
whether the supplied lung image is with cancer or not. 
The results shows that there are few mis-detections 
but overall efficiency of vision based efficiency 
measure is more than 80%. 
 

   (a)               (b) 
Figure 6: (a) Original CT Scan Image, (b) Lung Nodule 

detected after Segmentation. 
 
CONCLUSION 
 
     The difficulty in the early detection of lung cancer 
nodules is overcome in this paper. This paper 
provides a computer aided diagnosis system for early 
detection of lung cancer. The chest computer 
tomography image is used in this paper. In the first 
phase of the proposed technique, the lung region is 
extracted from the chest tomography image. The 
different basic image processing techniques are used 
for this purpose. In the second phase, extracted lung 
is segmented with the help of region based approch. 
The next phase is extraction of features for diagnosis 
from the segmented image.  Finally, the classification 
is performed to detect the occurrence of cancer 
nodules. The experimental result reveals the 
advantage of the proposed CAD system for detecting 
lung cancer.  
Thus normal images and abnormal images can be 
distinguished and assist in diagnosis. The visual 
characteristics of a disease carry diagnostic 
information and oftentimes visually similar images 
correspond to the same disease category. By 
consulting the output of a CBMIR system, the 
physician can gain more confidence in his/her 
decision or even consider other possibilities.   The 
results shows that there are few mis-detections but 
overall efficiency of vision based efficiency measure 
is more than 80%. 
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